Abstract -Detection of areas of water on the land surface via aerial imagery is highly desirable for assisting land management. As near-infrared ( IR) energy tends to be absorbed by water, this property of low spectral reflection is usually utilized in analyzing water resources on land. However, the spectral reflection of shallow water varies significantly. It is difficult to distinguish such areas from the background by traditional land cover classifications. This paper proposes an object-based classification approach for automatically detecting water areas from aerial imagery with red, green, blue, and IR bands. To overcome the problem of inadequate class definition in conventional region-based classifications, the water areas (we focus here on farm dams) are divided into a number of classes, and we newly introducing a specific feature of spectral differences and proposed a decision tree (DT) approach to select the features required for each class. In this way, we separate small water areas from other objects with significant reduction in false alarms caused by the diversity of spectra in the feature space. Experiments show that the proposed approach has good capability to distinguish shallow water areas from other objects in wetlands.
I. INTRODUCTION
etections and measurement of areas of water on the land surface via aerial imagery are desirable to assist land managers in the evaluation of agricultural resources. There are a variety of useful applications, including drought prevention, disaster relief and rescue, environmental monitoring, irrigation and drainage planning, construction and management of water projects.
Spectral attributes are usually used in analyzing water resources on land [1] [2] [3] . Wide and deep water resources in fields can be identified easily by their dark tones on color infrared imagery, because NIR energy tends to be absorbed by water rather than reflected. However, a number of water attributes (e.g., soil particles, organic materials and algal bloom in the water) produce diverse spectral response patterns in small areas of water, such as small dams used for farming on private properties. In addition to this, the spectral response patterns for small water areas do not separate well from those of other classes (e.g., trees, building roofs, and moist soils) in aerial imagery. Traditional spectral classification methods such as maximum likelihood [4, 5] , possibility models or fuzzy logic for a fuzzy classifier [6] , and the Nearest Neighbor method [7] difficulty dealing with the spectral similarity between objects in high resolution aerial photos. Post-classification processing is needed to clean up false alarm patches in classification maps [8] . Even using Support Vector Machine (SVM) classification [9, 10] , a methodology theoretically based on machine learning with superior results in classifying data with high spectral similarity, spectrally overlapping samples still cause significant inaccuracy in the classification task. The use of decision tree (DT) methods [11] for land cover classification has increased in recent years. Carleer and Wolff [3] presented a region-based decision tree classification in which water bodies were treated as one class, and the combined spectral features of individual bands, such as the red, green, blue, and NIR bands, as well as brightness and Normalized Difference Vegetation Index values, and some morphological and textual features, were selected by maximum dissimilarity measurement for water class definition. For a water area of a large size (broad and deep water resources), the methodology is effective. For small water areas with a wide range of digital numbers in the red, green, blue, and NIR bands, the approach will classify many tree shadows, building roofs and moist soil spots as water and will simultaneously miss some dams. The fact is that in a DT classifier, classification accuracy has a strong relationship with the precise definition of classes [12] . The problem of adequate class definition has not yet been addressed with high spatial resolution aerial photos that have high spectral similarity.
In this paper, we propose an object-based classification for detection of small areas of surface water from multi-band aerial imagery. Here we focus on the discussion of small farm dams. The dams are divided into several classes in terms of their NIR energy absorption. The spectral features that have effective discriminability of dams are selected by analyzing the spectral signatures of different material against dams. Specifically, the highlights of the proposed approach, in contrast to Carleer and Wolff's object-oriented classification, lie in: (1) dams are divided into several classes that have different ratios of NIR band values, (2) a new spectral feature is introduced to characterize dam classes, and (3) a decision tree approach is designed for the spectral feature selection of each dam class.
II. THE METHODOLOGY

A. Region-based spectral features for dam characteristics
Many region-based spectral features have evidenced usefulness for improved differentiation of urban materials [13] . Among them, the ratio of NIR band is a salient feature for differentiating dams by different spectral response patterns. A spectral band ratio is defined as the ratio of the spectral response With the help of analyzing the spectral signatures of the different materials, we identify the spectral features required for dam extraction. Based on our test dataset, dams have spectral signatures similar to tree shadows, roofs of buildings, roads, and moist soils. On the other hand, bare soil, crops, and pasture have a notably higher average value than dam values. The reflections of trees (shadows) in the NIR band are relatively low, and their reflections in the R, G and B bands are also low. Brightness and greenness (ratio of green band) demonstrate good separability between certain dams and soil, crops, pasture and tree shadows.
Beside brightness and greenness, we derive a ratio of the specific band difference that has significant spectral response dissimilarity between some dams and roofs. The ratio of the specific band difference RD is defined as Table 1 lists the features we find distinguish farm dams from other materials on the land surface. Table 1 The region based spectral features used in the proposed method.
Spectral feature Brightness Ratio of NIR band Greenness Ratio of the specific band difference
B. Spectral feature selection and decision boundary setting for dam classes
A DT approach [11, 14] is proposed for spectral feature selection and decision boundary setting for each dam class.
A DT consists of a directed tree with a root node that has no incoming edges. Every other node has one incoming edge. A node with outgoing edges is called an internal node, otherwise it is a leaf node. The DT deals with the problem of label assignment. It generates a chain of simple decisions based on the results of sequential tests. Sets of decision sequences form the branches of the DT, with tests being applied at the internal nodes. The leaf nodes (or branch termini) represent labels. The class label associated with a leaf node is then assigned to the observation.
A DT is constructed by learning from training data. It recursively partitions a set of training data into increasingly "purer" subsets on the basis of test outcomes applied to one (univariate) or more (multivariate) of the feature values at the internal nodes, until the subset of the target objects is extracted at a leaf node.
In our univariate DT, the decision boundaries at each internal node are defined by the outcome of a test applied to a single feature that is evaluated. The characteristics of the decision boundaries in the univariate DT are estimated empirically from the training data. A test ( , )
x B µ is performed at each internal node, where DT classifiers generally attempt to divide the training data into subsets that should contain only a single class. The result of this procedure is often a very large and complex tree. To reduce the impact of this problem, the original tree is pruned to retain the nodes containing the class of interest. For the problem of three internal nodes containing the class of interest c (illustrated in Fig. 1 ), the class label associated with the leaf node can be expressed mathematically as: Tables  2-5 respectively.
In Tables 2 and 3 , nodes 1-3 are internal nodes and node 4 is the final leaf node. In Tables 4 and 5 , nodes 1-2 are internal nodes and node 3 is the final leaf node. 
A. Validation data set
To perform the experiments on aerial imagery, two datasets captured from Leica ADS 40 were used. Each image was composed of four bands: blue (450-530nm), green (520-610nm), red (640-720nm), and NIR (770-880nm). The datasets covered two 5000m×5000m wetlands at around 33 0 9'S, 148 0 10'E in New South Wales, Australia, with a resolution of 0.5m. As well as farm dams (surface water areas), the regions also consisted of crops, pasture, bare soil, grasslands, trees, roads and a few building roofs. Twenty-two and twenty dams with water in visible colours of light green, light brown, cream, white, and green, and 5 dry dams were found manually in dataset1 and dataset2, with sizes ranging from 280 square meters to 11150 square meters and the ratio of NIR band ranging from 0 to 0.48.
The area in dataset1 was used as training data for DT generation. The area in dataset 2 was used for validation. Samples in dataset1 ranging from the minimum ratio of NIR band to the maximum ratio of NIR band were selected for training.
B. Parameter setting and affection
For region-based analysis, an image was segmented into homogeneous regions using eCognition software [15] . The process was controlled by the measurement of similarity, relying on one or several image features reflected by three parameters: scale , shape and compactness . The segmentation parameter scale was adjusted to 50 in order to identify small patches of water. The shape and compactness parameters were assigned a weight of 0.5, and 0.1 respectively. This adaptive setting best matched the shape of the water areas, while retaining spectral variation information of different objects.
In addition to spectral features, morphological features such as the length and the width of the regions, the ratio of length to width and the region area are commonly used for recognition of man-made objects [3] . These morphological features are also suitable for distinguishing dams from objects that have spectral responses similar to those of dams, such as roads and water canals. In the experiment, an extracted water area was constrained by its area ( numerically by completeness ( cp ) and correctness ( ct ) [16] .
The classification results were counted as true positive ( TP ), true negative ( T ), or false positive ( FP ). TP is the number of objects extracted manually and by the proposed method, FP is the number of objects found by the proposed method but not manually, and TP is the number of objects detected manually but not by the proposed method. cp and ct were defined as follows:
. cp measures the ability to find the object regions and ct represents the accuracy of object detection. Fig. 2 shows cp and ct of our method in terms of 2 b . With larger values of 2 b (>0.2 for type 1 dams; >0.48 for type 2 dams) all the water areas were located; cp reached 1, but ct was very low, as some trees and wet soil areas were also extracted. When 2 b decreased, ct increased but cp decreased; some small and shallow water areas were missed.
It is found from 
C. Comparison
The performance of the proposed algorithm was compared with the supervised classification algorithm SVM [9] and a region-based DT with dams of one class on the same dataset. The training data required for constructing support vectors were collected from the same area as that used in DT generation. It contained two classes: water and non-water. The number of samples corresponding to the two classes was 624 and 4940 respectively. One class DT classification and our proposed method have the same setting for morphological features. The settings for spectral features are listed in Table 6 . Fig. 3 illustrates some images and extracted results using our proposed approach and SVM. Table 7 gives the cp and ct of the three methods. The cp of our method is the highest among the three, which shows that our method has good capability of coping with large spectral variation in water areas. The cp of SVM is slightly lower in comparison with the proposed method. The reason is that the collected training samples did not reflect all the spectral variations of water areas in the dataset. The cp is degraded by dry dams for all the methods. Compared to the performance of SVM and one class DT classification, the proposed method leads to the highest ct . This is due to its occurrence of fewer false alarms. SVM identified more undesired object regions, including roofs as water areas due to the spectral similarity, as shown in Fig. 3 (c) . Roofs are excluded in our method as a result of applying the ratio of the specific band difference. One class DT classification has significantly lower cp and ct . Under the settings in Table 6 , that method can only find dams that are visually bright and are low in NIR reflection. Visually dark dams are missed and wet soil spots on the land are The motivation for this research is the limitation of traditional classification algorithms in dealing with the extraction of small water regions from high resolution aerial imagery. The challenge lies in the variation of the spectral reflections in water regions.
The region-based classification proposed in this study takes advantage of its ability to combine spatial and spectral information in high-resolution remote sensing imagery. It is relative ease in realizing a semantic class described by multiple features. With the method, dams are divided into a number of classes to overcome the problem of inadequate class definition in region-based classifications, and the DT approach are efficiently used to obtain the features required for each class. From our experiments, we have demonstrated that the DT approach to dam classification is easy and efficient and the introduced ratio of the specific band difference shows typical behaviour in distinguishing water areas from building roofs. The proposed approach yields higher accuracy for identifying specific objects (small areas of water) compared to the conventional SVM approach and the region-based classification with water defined by one class. The results from this work also suggest that the proposed approach using aerial imagery of R, G, B and NIR bands is an effective and feasible tool for measuring water areas on the land surface.
